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Abstract: Conservation easements (CEs) play an important role in the provision of ecological services.
This paper aims to use the open-access Sentinel-2 satellites to advance existing conservation management capacity to a new level of near-real-time monitoring and assessment for the conservation
easements in Nebraska. This research uses machine learning and Google Earth Engine to classify
inundation status using Sentinel-2 imagery during 2018–2021 for all CE sites in Nebraska, USA.
The proposed machine learning approach helps monitor the CE sites at the landscape scale in an
efficient and low-cost manner. The results confirmed effective inundation performance in these
floodplain or wetland-related CE sites. The CE sites under the Emergency Watershed ProtectionFloodplain Easement (EWPP-FPE) had the highest inundated area rate of 18.72%, indicating active
hydrological inundation in the floodplain areas. The CE sites under the Wetlands Reserve Program
(WRP) reached a mean annual surface water cover rate area of 8.07%, indicating the core wetland
areas were inundated periodically or regularly. Other types of CEs serving upland conservation
purposes had a lower level of inundation while these uplands conservation provided critical needs
in soil erosion control. The mean annual surface water cover rate is 0.96% for the CE sites under
the Grassland Reserve Program (GRP). The conservation of the CEs on uplands is an important
component to reduce soil erosion and improve downstream wetland hydrological inundation performance. The findings support that the sites with higher inundation frequencies can be considered for
future wetland-related conservation practices. The four typical wetland-based CE sites suggested
that conservation performance can be improved by implementing hydrological restoration and soil
erosion reduction at the watershed scale. The findings provided robust evidence to discover the
surface water inundation information on conservation assessment to achieve the long-term goals of
conservation easements.
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1. Introduction

published maps and institutional affil-

Conservation easements (CEs) are private lands purchased to limit the use of the
land in order to protect its conservation values, and such land plays an important role in
the provision of ecological services. Private lands provide critical ecological services for
sediment control, water quality improvement, open spaces, wildlife habitats, groundwater
recharge, and cultural ecosystem services [1]. Conservation of private lands is extremely
important because private lands serve as habitats for over 95% of federally listed species in
the United States [2,3]. The multiple types of CE programs provide private landowners
with a market-based tool that represents a voluntary but legally binding agreement to
protect the environmental amenities and ecosystem services of their lands [4–6]. CEs
impose permanent or long-term private land-use restrictions associated with property
deeds [3,7]. Moreover, landowners who purchase private land with a CE can still use, sell,
and bequeath the land, subject to easement restrictions.

iations.
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Established by the Swampbuster provision in the Food Security Act of 1985 and administrated by the U.S. Department of Agriculture-Natural Resources Conservation Service
(USDA-NRCS), the Wetland Reserve Program (WRP) began in 1990 to allow agricultural
producers to restore or set aside wetlands for 30-year or permanent easements [8]. Conservation programs in the U.S. were further integrated into the Agricultural Act of 2014.
The Agricultural Conservation Easement Program (ACEP) merged three programs: the
Farm and Ranch Lands Protection Program (FRPP), the Grassland Reserve Program (GRP),
and the WRP. The Regional Conservation Partnership Program (RCPP) combined the
Agricultural Water Enhancement Program (AWEP) with other programs. The Emergency
Watershed Protection Program (EWPP) was established in 1978 and amended in 1996 to
add those lands damaged by flooding as floodplain easements. These programs provide
critical support for environmental quality, such as water quality, wildlife and biodiversity,
soil erosion control, groundwater recharging, and carbon reduction [8–10].
The effectiveness of conserved lands has been investigated in recent studies [11,12].
Conservation lands are often remote areas across the landscape, and on-site monitoring
of such land is expensive [13]. Satellite-based Earth observation is a suitable method of
monitoring conservation lands on a large scale across a specific state. Eichenwald et al. [1]
used Google Earth Engine and 31 years of Landsat images to monitor the habitats of
24 vertebrates and compared the effectiveness of conserved lands. Their results showed
that conservation on private lands is critical for long-term habitat protection. More research
has been accomplished to detect the world’s surface water changes [14]. Pekel et al. [15]
used Landsat satellite data to map surface water globally and its changes from 1984 to 2015
by deriving the normalized difference vegetation index (NDVI) and hue-saturation value
(HSV). Donchyts et al. [16] analyzed the surface water changes by accessing data from the
Aqua Monitor, a GEE and Landsat-based tool. Many automated algorithms or methods,
such as support vector machines (SVM), decision trees, and random forests, have been
widely used for land-cover classification [17–19].
The Sentinel-2 satellite was launched by the European Space Agency (ESA) in 2015 and
includes a constellation of two polar-orbiting satellites to monitor land surface conditions
over a 5-day period using high-resolution multispectral sensors. Sentinel-2 satellites have
13 spectral bands in the electromagnetic spectrum between 0.665 µm and 2.190 µm. Highquality multispectral images from the Sentinel-2 satellite can reach a maximum of 10 m
spatial resolution. The Sentinel-2 Multi-Spectral Instrument (MSI) offers the necessary
spatial and temporal resolution for wetland monitoring and assessment [20].
Owing to the high spatial heterogeneity and temporal dynamics of wetlands, the
development of effective remote-sensing algorithms and indices to detect water under
wetland vegetation coverage and wet soils has been challenging [21,22]. Because the water
in wetlands changes daily and seasonally, the extent and spectral signature of wetlands
can be highly dynamic. Many wetlands have shallow water areas that may also be mixed
with vegetation or soil, and spectral reflectance may not be easily detected. By definition,
mono-temporal classification approaches cannot fully describe temporal dynamics [20].
Near-infrared (NIR) and shortwave infrared (SWIR) spectroscopy can effectively reflect
water and wet surface characteristics, and water indices have been used as a practical
approach for mapping wetland inundation conditions from the spectral bands of satellite
images [23–28]. Commonly applied indices include the normalized difference water index
(NDWI), modified normalized difference water index (MNDWI), normalized difference
moisture index (NDMI), and NDVI.
Machine learning algorithms have recently received attention in wetland imaging classification [29–31]. Kordelas et al. [32] developed an unsupervised approach for estimating
the extent of inundation from radiometrically corrected Sentinel-2 data. Lefebvre et al. [33]
used water in wetlands (WIW) to track spatiotemporal changes in inundation patterns
of wetlands with variable heights and densities over time from Sentinel/Landsat images.
Pena-Regueiro et al. [22] analyzed Sentinel-2 images using seven indices to detect small
water bodies in wetlands with a high diversity of temporal and spatial flooding patterns,
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and a comparison of the indices showed that the NDWI had the highest performance for
extracting water surfaces. Huang et al. [34] developed an automatic classification tree
approach for classifying surface water extent from Sentinel-1 synthetic aperture radar (SAR)
data in a Prairie Pothole Region site and achieved an overall accuracy of 79–93%. SVM
models were also applied in this study as surface water classification models among the
commonly used machine learning algorithms. SVM represents one of the most commonly
used machine learning algorithms in remote sensing, land-cover classification, and mapping fields, and the SVM algorithm is typically used in remote sensing to address both
classification and regression problems. SVM has also been extensively applied to land-use
and land-cover (LULC) classification problems. Shao and Lunetta [35] collected MODIS
time-series data and used an SVM to conduct LULC classification in North Carolina, and the
results showed that SVM has a superior generalization capability, even with small training
sample sizes. Machine learning algorithms have shown a significant advantage in LULC
classification in recent years, thus making them an important part of the remote-sensing
field, especially LULC classification [36,37]. A study by Thanh Noi and Kappas [38] also
showed that SVM classifiers have the highest overall accuracy and lowest sensitivity to
training sample size compared with RF classifiers. The difference in training size also affects
the performance of RF and SVM classifiers. Ma et al. [27] compared SVM with RF classifiers
and showed that SVM works better with small training set sizes. Sheykhmousa et al. [39]
compared RF and SVM models based on an evaluation of 251 journal papers and found
that the overall accuracy (OA) of SVM is generally higher and lower than that of RF when
applied at spatial resolutions higher than 10 m and lower than 100 m, respectively. In this
case, the spatial resolution of Sentinel-2 was 10 m, which fits most of the former cases.
Zhang et al. [40] compared six main machine learning algorithms and confirmed that SVM
is an optimal algorithm when using Google Earth Engine (GEE) to classify wetland land
cover in Nebraska. Overall, an SVM with a linear kernel classifier presented advantages in
surface water classification in wetlands within Nebraska. As a result, this study applies
a linear kernel SVM classifier as a surface water classifier. Two types of classification
approaches are generally applied in remote-sensing classification: pixel-based classification
and objective-based classification [36,37,41]. The classification model used in this study is a
pixel-based classification model, and it has been successfully applied in water body and
wetland classification [36,42].
GEE is an open-source platform to access, process, and analyze various Earth observation data, including Sentinel-2 imagery. Several recent studies have used GEE to map and
assess wetland conditions [43,44]. GEE provides a large amount of remote-sensing data and
data processing approaches, including many built-in machine learning algorithms [45,46].
GEE can also provide different machine learning classifiers for pixel-based classification in
this study. Satellite images from Sentinel-2 and machine learning models were imported
into GEE and used to further analyze the classification data. GEE is an efficient tool for
mapping all CE sites across Nebraska and determining the surface water changes.
To date, studies have not monitored all CEs within an area using remote-sensing
methods. Therefore, this study has two research objectives: (1) to develop an efficient,
sustainable, and low-cost approach to monitoring surface water inundation status in all CEs
across the state of Nebraska; (2) to detect, map, and analyze the surface water changes in
all CEs by applying machine learning models using the GEE platform and other GIS tools.
2. Materials and Methods
2.1. Study Area
Nebraska, a state in the U.S., is located on the Dissected Till Plains in the eastern part,
and the Great Plains in the north, central, and northwest. The climate of the state is also a
humid continental climate (Dfa) in the east and a humid subtropical climate (Cfa) in the
west. About 90% of the land in Nebraska is agricultural land. According to GIS data from
Nebraska’s CE database for 2021, Nebraska has a total of 663 CEs, including the WRP, GRP,
FRPP, ACEP-Wetlands Reserve Easements (ACEP-WRE), and EWPP-Floodplain Easement
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(EWPP-FPE). Quantitative monitoring and assessment of the inundation dynamics, wildlife
usage, and vegetation conditions can provide insightful information on the performance
of CEs. Among the 663 CEs, 1 of them is physically outside the state boundary. Because
CEs can cross state boundaries, CE sites that overlapped Nebraska’s state boundary were
excluded to ensure the accuracy of the assessment. Thus, only CEs within the boundary of
Nebraska were calculated in this study. Finally, this study mapped and analyzed 662 CE
sites, and their locations are illustrated in Figure 1. The analysis of Nebraska’s four wetland
complexes is contained in a case study. The wetland complexes in Nebraska are grouped
into four types: playas, sandhills, saline/alkaline, and riverine [47,48].

Figure 1. Location map of CE sites in Nebraska.

2.2. Data Sources
This project used GEE to collect and preprocess remote-sensing data from the research
area. Multispectral images from Sentinel-2 were collected for training and classification
purposes. Sentinel-2 is a two-satellite system with a temporal resolution of 5 days. The
high temporal resolution of Sentinel-2 allows the images of the research area to be collected
weekly. The datasets were processed in the GEE platform and directly imported into the
GEE platform using the built-in eeImageCollection(“COPERNICUS/S2_SR”) command.
The Sentinel-2B satellite was launched in March 2017, and the Sentinel-2 system has been
fully functional since 2018. Therefore, this study used data from 2018 to 2021. Considering
the climate of Nebraska, this study only used data from March to November each year to
avoid snow and ice cover conditions.
The Sentinel-2 bands used in this study are B2 (490 nm), B3 (560 nm), B4 (665 nm), B5
(705 nm), B6 (740 nm), B7 (783 nm), B8 (842 nm), B8a (865 nm), B11 (1610 nm), and B12
(2190 nm). Among these bands, the RGB (B2, B3, B4) and near-infrared (NIR: B8) bands
have spatial resolutions of 10 m. The other six bands, including the vegetation red edge (B5,
B6, B7), narrow NIR (B8a), and shortwave infrared (SWIR: B11, B12) bands, have spatial
resolutions of 20 m. Remote-sensing data were collected monthly and filtered by the cloudy
pixel percentage provided by Sentinel-2. All bands from Sentinel-2 used for classification
in this study are listed in Table 1.
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Table 1. The geospatial data sources from the Sentinel-2 satellites.
Data Sources

Bands

Sentinel-2

B2, B3, B4, B8

Sentinel-2

B5, B6, B7, B8, B8a,
B11, B12

Resolution

Date

10 m

March 2018–November 2018
March 2019–November 2019
March 2020–November 2020
March 2021–November 2021

20 m

March 2018–November 2018
March 2019–November 2019
March 2020–November 2020
March 2021–November 2021

In this study, index bands were calculated and added for training to increase the training accuracy. NDWI (NDWI = (B3 − B8)/(B3 + B8)), NDVI (NDVI = (B8 − B4)/(B8 + B4)),
MDNWI (MNDWI = (B3 − B11)/(B3 + B11)), and NDMI (NDMI = (B8 − B11)/(B8 + B11))
were added as index bands for training. The index data were calculated using the Image.normalizedDifference code in GEE and Sentinel-2 spectral data were directly imported
into the GEE code editor.
Soil data from the 2021 Soil Survey Geographic Database (SSURGO) for soil condition
analysis were downloaded from the USDA Geospatial Data Gateway (https://datagateway.
nrcs.usda.gov/, accessed on 1 February 2022). For all CEs in Nebraska, the five most
frequent soil types are Valentine-Els complex, moist, 0 to 9 percent slopes (11.44 km2 ); ElsIpage complex, 0 to 3 percent slopes (9.10 km2 ); Luton silty clay, rarely flooded (5.90 km2 );
Fluvaquents, frequently flooded, wet (5.67 km2 ); Albaton silty clay, 0 to 2 percent slopes,
occasionally flooded (5.35 km2 ). The shapefiles of the CE sites were obtained from the
Nebraska Office of the USDA-NRCS. These shapefiles were preprocessed with QGIS and
then uploaded to Google Drive, where GEE data can be directly imported and processed.
2.3. Data Analysis
The workflow of this study is illustrated in Figure 2. The data mentioned in the
previous paragraphs are available on the GEE platform and can be directly collected
using an image collection code. The data also include shapefile data, which contain the
boundaries of the research area.

Figure 2. Research workflow to calculate inundation areas in each CE site.
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The classification model used in this study was a pixel-based model. The seven steps
performed for the geospatial analysis of the 662 CE csites are listed below.
(1)

(2)

(3)

(4)

(5)

(6)

(7)

Selecting geospatial data: For surface water classification, the Sentinel-2 images are
imported into GEE and filtered by date (March to November each year from 2018 to
2021). The QA-60 band was used to sort and select the least cloud-covered images.
The shapefile of the CE sites is uploaded to GEE as the boundary.
Labeling data: The geometric tool in GEE is used to label different land-cover classes.
The Rainwater Basin Annual Habitat Surveys data in 2020 and field surveys in 2021
were used as supportive information to label and verification which confirmed the
designations of water and land classes in the training area. Images of RGB, NIR,
NDWI, and NDSI created in GEE are used as references to make labels. All 662 CEs
in the Nebraska area are separated into five zones (east, mid-east, central, mid-west,
and west) to minimize bias and the effect of climate. CEs from each zone each month
are used to make labels. About twenty thousand pixels are generated using the
randomPoints function. All features input in the classifier are randomly sampled
using a random column function. After collecting the sample by the random column
function, 70% of the sample is used for training and 30% for testing.
Calculating indices: The built-in normalized difference function of GEE is used to
calculate the NDVI, NDWI, NDMI, and MNDWI. Then, those index bands are added
together with spectral bands as training bands.
Selecting machine learning classifiers for wetland classification: According to former
research, linear kernel SVM is selected as the classifier for all the classifications. All
eleven spectral bands and four index bands are applied as training bands.
Calculating surface water cover: The classification results are exported from GEE as
TIFF files. QGIS is used to batch process and transfer all TIFF files into shapefiles.
Finally, the surface water cover condition in every pixel within all 662 CE sites from
2018 to 2021 is determined.
Calculating the surface water inundation frequency: All water cover data are calculated in the last step. Water cover data for all CE sites are used to calculate the
water cover rate. At least 25 images are used for the water cover rate calculation for
each site.
Calculating and mapping inundation conditions: Water cover data in every pixel
calculated in the last two steps are applied in this step to calculate the pixel inundation
frequency in all 662 CE sites. The inundation frequency map is constructed using
QGIS and ArcGIS.

2.4. Classification Accuracy Assessment
The accuracy assessment used a testing sample, which represented 30% of the input sample. In this case, the overall accuracy (OA), recall, precision, and F1 score were
calculated to compare different classifiers with different parameters.
OverallAccuracy =
Recall =

TP + TN
TP + TN + FP + FN

(1)

TP
TP + FN

(2)

Precision =
F1score = 2 ×

TP
TP + FP

Recision × Recall
Precision + Recall

(3)
(4)

Here, a true positive (TP) indicates that the detected condition is present, a true
negative (TN) indicates that an undetected condition is absent, a false positive (FP) indicates
that the detected condition is absent, and a false negative (FN) indicates that an undetected
condition is present. For example, in this case, a TP for water means that pixels classified
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as water are indeed water in the real world. The F1 score is calculated using precision and
recall, with values ranging from 0 to 100. These indicators reflect the accuracy of the model.
Such an accuracy test can provide a deeper understanding of how to use machine learning
methods to effectively classify multispectral land-cover image data in Nebraska’s natural
conservation land settings.
3. Results
This study uses OA, recall, precision, and F1 score to assess classification accuracy.
The accuracy assessment is calculated after each classification is performed. The mean OA
for all classifications is 99.79%, ranging from 95.45% to 100%. The mean recall is 99.57%,
ranging from 87.53% to 100%. The mean precision is 99.21%, ranging from 90.60% to 100%.
The mean F1 score is 99.36%, ranging from 93.35% to 100%. The result of the accuracy
assessment shows that the SVM with a linear kernel classifier is accurate and reliable in
surface water classification in Nebraska during the growing season (March to November).
Ground truth is also used to verify the classification results. We compared the Sentinel-2
classification results with the Rainwater Basin’s annual habitat survey data in 2020. There
were 72 CEs with visible surface water from the Sentinel-2 classification results that were
100% verified in the annual habitat survey data. The total area of surface water in CEs
within the Rainwater Basin is 2.80 km2 counted by the annual habitat surveys, while this
number is 2.46 km2 our classification result, which covered 87.68% of the total surface
water area.
The annual temporal patterns of hydrological performance for all CE sites are illustrated in Figure 3. The blue line shows the four-year average water cover rate for all 662 CE
sites. Large variations were found among the months and the years. The highest inundated
areas were found in April 2019. Approximately 13% of the total areas were inundated
in April, and 10% in May, June, and July. A lower level of inundation was observed in
August (with 5% inundation area), September (with 7% inundation area), October (with
6% inundation area), and November (with 7% inundation area).

Figure 3. The mean water cover rate by area for all CEs during 2018–2021.

The results illustrated in Figure 4 show a more prominent display of the surface water
conditions at each site during the four-year study period. Among the 662 sites, nine sites
did not have surface water during a four-year period, and they accounted for 1.36% of all
sites. Of the 662 sites, 178 sites had surface water cover during the four-year period, and
they accounted for 26.89% of all sites. The median of all sites for all four years is 3.14%. The
year 2019 shows a relatively wetter condition with a median surface water cover rate of
4.21%, ranging from 0 to 99.9%. The median for the other three years (2018: 2.78%, 2020:
3.05%, and 2021: 2.73%) is less than the median of all sites for all four years.

Remote Sens. 2022, 14, 4382

8 of 19

Figure 4. Surface water cover rate for each site in the four-year study period.

The surface water cover rate by area in each category of CE sites is illustrated in
Figure 5. Table 2 lists the percentage of inundated areas in each category of CE sites during
2018–2021. The results show that 7.85% of the CE land areas were under inundated conditions. The water cover condition results showed that significant inundation differences
occurred over the years (mean surface water cover rates for 2018–2021 are 6.82%, 12.82%,
6.17%, and 5.61%, respectively). The year 2019 turned out to be a wetter year among the
four years, with a surface water cover rate of 12.82%, which is much more than the mean
value (7.85%). This study showed that 64.64% of the total area of all CEs in this study
was not inundated, and 0.62% of the total area presented an over 90% (100% not included)
chance of water cover from 2018 to 2021. Ultimately, 0.54% of the total area of all CE sites
experienced 100% inundation during the past four years.

Figure 5. Surface water cover rate by area for each category of CE sites.
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Table 2. The percentage of inundated areas in each category of CE sites during 2018–2021.

ACEP-WRE
EWPP
GRP
WRP
Other
Year Mean

Site Count

2018

2019

2020

2021

Category Mean

22
11
13
600
16

2.88%
19.75%
0.91%
6.99%
1.81%
6.82%

5.36%
44.60%
0.60%
12.99%
4.76%
12.82%

3.68%
8.33%
1.00%
6.44%
1.89%
6.17%

4.56%
2.21%
1.35%
5.87%
2.97%
5.61%

4.12%
18.72%
0.96%
8.07%
2.86%
7.85%

The CE sites under the EWPP-FPE had the highest inundated area rate of 18.72%,
indicating active hydrological inundation in the floodplain areas. The CE sites under
the WRP reached the mean annual surface water cover rate by area at 8.07%, indicating
the core wetland areas were inundated periodically or regularly. Other types of CEs
serving for upland conservation purposes had a lower level of inundation but provided
critical conservation needs in soil erosion control. The GRP category is the one that shows
significantly less water among the five categories. The surface water cover rate of GRP
shows that GRP is the lowest CE type in each of the four years.
3.1. Soil Conditions with Inundation Frequency
Through analyzing the inundation maps with the SSURGO data, the results indicate
that the most common soil types on uplands include Valentine-Els complex, moist (0 to
9 percent slopes); Els-Ipage complex (0 to 3 percent slopes); Luton silty clay (rarely flooded);
Valentine fine sand (rolling, 9 to 24 percent slopes, moist). During the past four years, no
inundation conditions were observed on these soils.
For the high frequency of inundation areas, the most common soils are Fluvaquents
(frequently flooded, wet), Marlake loamy fine sand (frequently ponded), Massie silty clay
loam (frequently ponded), Inavale fine sand (channeled, frequently flooded, wet), SarpyGrable variant complex (occasionally flooded), Barney loam (frequently flooded), and
Barney variant fine sand (frequently flooded).
3.2. Case Study
Here we analyzed four CE sites in Nebraska as case studies. The locations of the
four study sites are shown in Figure 6. The four sites were selected based on four of
Nebraska’s wetland complexes. The first site was a sandhill site in northwest Nebraska
(site ID: 6665260800MW5) located in Cherry County, with a total area of 0.61 km2 , which
is the only site located in the sandhill region. The second site was a playa site consisting
of three parcels (site ID: 5465261701MZG, 6665260400B9V, and 6665260100B5Y) located in
Hamilton County within the Rainwater Basin, with a total area of 0.66 km2 . The third site
was a riverine site (site ID: 6665260100B6R) located within Merrick County along the Platte
River, with a total area of 3.80 km2 . The Rainwater Basin is a typical area for the playa
and riverine wetland complexes. The last site was a saline site consisting of three parcels
(site ID: 6665260200B6Q, 6665260300B74, and 6665261000Y8H) located in Lancaster County
in the Salt Creek watershed, with a total of 1.44 km2 . The Salt Creek watershed is also a
typical area for Nebraska’s Eastern saline wetland complex. Comparisons of the inundation
frequency and land-cover rate change among different years are presented in Figures 7–10.
The sandhill site is located in northwest Nebraska within the sandhill land type. Those
sandhill wetlands are formed in depressions in the sandhills areas where the groundwater
intercepts the land’s surface. Figure 7 illustrates the inundation frequency and water cover
rate changes over different years. The highest inundation frequency was 96%, and 5.25% of
the total area of this site presented an inundation frequency greater than 90% while 74.10%
of this site was never inundated during the study period. The maximum water cover rate
was 18.12% in June 2020, while the minimum water cover rate was 0.05% in June 2018. The
total area of this sandhill wetland site was 0.61 km2 . Figure 7 shows that this site had a
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Figure 7. Inundation frequency and surface water cover rate in the sandhill site.

The riverine site was also located in the Rainwater Basin, the location, and inundation
frequency are shown in Figure 9. Data were not observed in May for all four years because
of the climatic conditions and cloud coverage. The highest inundation frequency (100%)
covered approximately 0.64% of the land at this site, while no inundation was observed over
85.69% of the site during the four years. The mean water cover rate was 2.35% according to
the data for 25 months. The highest water cover rate was recorded in July 2020 (12.54%),
while the lowest water cover rate was 0.80% in April 2020. The riverine site is located near
Aurora, Nebraska. Changes in water coverage were very smooth at this site. Riverine
wetlands are closely associated with floodplains. The inundation frequency map shows that
water ponds occur year-round. However, surface water only appeared in a very limited
area at this site. The mean surface water cover rate was very stable for the four years. The
monthly surface water cover rate was mostly between 1 and 3%, while the yearly surface
water cover rate showed little difference from the highest of 3.03% (2020) to the lowest of
1.68% (2019).
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Figure 8. Inundation frequency and surface water cover rate in the playa site.

The inundation frequency of the saline site located in northern Lancaster County
is illustrated in Figure 10. Saline wetlands are a unique natural resource distributed
worldwide. The study site was located within the eastern Nebraska saline wetland area in
the Salt Creek watershed. The highest inundation frequency at this site was 76.00%, which
covered an area of 226 m2 , while inundation did not occur in the four years over 92.73% of
the site. The highest water cover rate occurred in August 2021 (3.69%), while the lowest
of 0% occurred in four months during the four years (May 2018, August 2019, September
2019, and April 2020). The mean water cover rate at the saline site was 0.84%, and the
inundation frequency map shows that surface water was limited to a small area at this site.
The highest surface water cover rate (1.60%) occurred in 2021.
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Figure 9. Inundation frequency and surface water cover rate in the riverine site.

Remote Sens. 2022, 14, 4382

14 of 19

Figure 10. Inundation frequency and surface water cover rate in the saline site.

4. Discussion
This study proposes a methodology that uses Sentinel-2 imagery, GEE, and machine
learning models to detect the surface water inundation status at 662 CE sites in Nebraska.
This study explored an efficient and low-cost approach for long-term monitoring of largescale land areas using high-resolution satellite imagery and showed that the approach is
reliable and can be used for long-term and continuous studies. Three major lessons were
drawn regarding the use of machine learning and GEE for CE site assessments, monitoring,
and wetland conservation research.
First, this study provides a long-term and cost-effective wetland mapping tool that can
be used in hydrological performance monitoring for wetland conservation programs [49].
The findings by Pekel et al. [15] and Donchyts et al. [16] are based on the Landsat satellite
dataset, with up to a 30 m spatial resolution, which is not high enough for CE monitoring.
Sentinel-2 offers imagery with a spatial resolution of up to 10 m, which can significantly
improve the monitoring range, especially for small sites that cannot be covered by the
Landsat satellite. The mapping approach used in this study could be a valuable supplement
to conservation monitoring and assessment programs. This study’s classification results
support previous studies on model selection on LULC classification, especially on wet-
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lands [27,35,38–40]. Particularly, this technology can help identify and prioritize wetland
CEs that may need additional restoration.
Second, the findings of this study indicate that the inundation conditions of wetland
CE sites vary and they are subject to a series of combined factors. The affecting factors
for hydrological performance include topographical factors (e.g., upland or lower lands,
slopes), human activities, especially agricultural activities (e.g., irrigation and agricultural
pits), conservation practices (e.g., pumping and sediment removal), and watershed context
(e.g., soil types, vegetation cover, drainage pattern). As a large number of CE sites in
this study contain wetlands, the hydrological characteristics of these sites become much
more critical. Changes in hydrological characteristics significantly affect the water depth
and hydrophyte community and may cause changes in the edges of wetlands [50]. The
inundation maps developed from this study provide solid evidence to understand the
surface water changes of the wetland-related CEs. We also compared the surface inundation
status with local climate data, and the results show that the surface water cover rate of case
study sites was not significantly related to temperature and precipitation.
Third, Sentinel-2 data limitations should be recognized, and associated improvements
should be made in future studies. The limitations of this approach can be summarized in
terms of climate and resolution. Climate conditions have a significant impact on satellite
data accessibility. This study focused on 662 CE sites from 2018 to 2021 and divided all
662 CE sites into five zones to minimize the effect of climate. However, cloud-free images
still could not be acquired for each site each month. The worst conditions were observed
in May, which is typically the spring rainy season in Nebraska. This study was initially
designed to obtain weekly satellite imagery for a much more accurate analysis of all CE
sites across the state. For example, riverine and playa sites lack data from May every year.
Other sites had missing data from May for at least one year. Considering the rainy season
in Nebraska, missing data in May, maybe an unavoidable problem. This limitation can be
resolved by long-term data collection or manually collecting data from piloted aerial or
field surveys. Sentinel-1 SAR is another option for land observation with cloud cover in our
future study [34,51]. The newly published Dynamic World dataset is a powerful tool for
handling global LULC studies, which can partially resolve this limitation [52]. The second
limitation is spatial resolution. For example, imagery with a resolution of up to 10 m is
insufficient for some small streams with widths smaller than 10 m. The 10 m resolution
may also cause a false negative in a small inundation area with algae cover, and it is not
sufficiently high for vegetation and soil classification. The spatial resolution was 10 m for
most of the Sentinel-2 bands. Although this spatial resolution is quite high compared with
that of the Landsat series, it is not sufficient for vegetation classification. This study can
be improved by continuing data collection and using more high spatial resolution data
collection methods, such as drone-based imagery.
Policy Recommendations for CEs
The findings of this study show that adaptive management is needed for CE sites. The
results showed that water boundaries and inundation conditions are continually changing.
Owing to the high temporal resolution of Sentinel-2, the inundation conditions of all
CE sites across the state can be calculated and mapped more frequently. As mentioned
above, many wetlands in remote areas are not easy to access when conducting traditional
systematic research. Because these wetlands may be subject to degradation, the proposed
method can be used to rapidly determine the impact of nearby agricultural properties or
road construction that can significantly influence a wetland’s hydrological conditions. The
lands with a high level of inundation frequency can be considered for future conservation
programs. Based on the findings of this study, the following recommendations are provided
for CE management.
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The first recommendation is to perform hydrological restoration at the watershed scale
for wetland-related CEs. Full hydrological restoration or partial hydrological recovery is a
key step for protecting wetlands at the watershed scale. This study found a high inundation
percentage among wetland sites, showing regular or partially ponded water over the past
four years. The findings also showed that limited inundation areas were observed at the
CE sites (35.36% of the total area with inundation vs. 64.64% of the total area without
inundation during the past four years). Thus, the ponding size, frequency, and duration
can be improved through hydrological restoration at the watershed scale. Tang et al. [53]
recommended using restoration treatments to increase the function of wetlands. Sediment
removal, drain closure, irrigation reuse pit closure, and many other treatments can also
be applied to CE sites to maintain and restore wetland functions across the state. These
treatments can promote sustainable conservation at the CE sites studied in this research.
The second recommendation is to keep the protection for the uplands to reduce
soil erosion at the watershed level. Many of the CEs contain upland, non-wetland soils.
Uplands are an important part of downstream wetland protection. Protecting uplands
associated with wetlands will help better manage the erosion, sedimentation, and nutrient
loading in the associated wetland. Uplands are an important part of wetland CE protection.
Wetlands in Nebraska suffer from degradation due to sedimentation generated by cropping
practices [53]. The current upland conservation among the CEs is a critical component to
be continued to serve the needs for soil erosion reduction.
5. Conclusions
This study proposes a long-term monitoring method for inundation conditions at 662
CE sites across the entire state of Nebraska. The results showed that GEE is a powerful and
reliable tool for monitoring surface water changes in large-scale areas. This study explored
the possibility of using GEE to monitor the long-term hydrology and inundation conditions
of CEs, especially conservation wetlands. The advantage of using satellite-based data,
including Sentinel-2 data, to monitor CEs includes (but is not limited to) high temporal and
spectral resolutions. GEE makes it possible to handle data with both high temporal and
spectral resolutions on a large scale.
Long-term monitoring of the surface water of CE sites in Nebraska can provide land
information for the further detection of associated ecosystem services. The findings of
this study provide the contemporary status of CEs, especially conservation wetlands, and
such data can help identify potential opportunities for future conservation practices. This
study is valuable as a long-term monitoring tool for 30-year or permanent easements. The
findings of this study will also contribute to CE management for wetland restoration and
upland protection at the watershed level. Moreover, the hydrology function of downstream
wetlands and the soil erosion reduction of uplands are the two essential management
aspects that future conservation programs should focus on.
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